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Abstract
Monte Carlo (MC) sampling methods are widely applied in Bayesian inference, system
simulation and optimization problems. The Markov Chain Monte Carlo (MCMC) algorithms
are a well-known class of MC methods which generate a Markov chain with the desired
invariant distribution. In this document, we focus on the Metropolis-Hastings (MH) sampler,
which can be considered as the atom of the MCMC techniques, introducing the basic notions
and different properties. We describe in details all the elements involved in the MH algorithm
and the most relevant variants. Several improvements and recent extensions proposed in the
literature are also briefly discussed, providing a quick but exhaustive overview of the current
Metropolis-based sampling’s world.
Keywords: Monte Carlo methods, Metropolis-Hastings algorithm, Markov Chain Monte
Carlo (MCMC).
1 Problem Statement
In many practical applications, the goal consists in inferring a variable of interest, x =
[x1, . . . , xD] ∈ RD, given a set of observations or measurements, y ∈ RP . In the Bayesian
framework [52], the total knowledge about the parameters, after the data have been observed,
is represented by the posterior probability density function (pdf), i.e.,
p¯i(x) = p(x|y) = `(y|x)g(x)
Z(y)
, (1)
where `(y|x) denotes the likelihood function (i.e., the observation model), g(x) is the prior
probability density function (pdf) and Z(y) is the marginal likelihood (a.k.a., Bayesian evidence)
[10, 83]. In general Z(y) is unknown, and it is possible to evaluate the unnormalized target
function,
pi(x) = `(y|x)g(x). (2)
The analytical study of the posterior density p¯i(x) ∝ pi(x) is often unfeasible and integrals involving
p¯i(x) are typically intractable [10, 14, 83]. For instance, one might be interested in the estimation
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Table 1: Summary of the notation.
D dimension of the inference problem, x ∈ RD.
T total number of generated samples.
x variable of interest; parameter to be inferred, x = [x1, . . . , xD].
y observed data.
`(y|x) likelihood function.
g(x) prior density.
p¯i(x) posterior (target) density p¯i(x) = p(x|y).
pi(x) posterior (target) function, pi(x) = `(y|x)g(x) ∝ p¯i(x).
q(x) proposal density.
I integral to be approximated, I = Epi[f(x)].
of
I = Epi[f(x)] =
∫
RD
f(x)p¯i(x)dx, (3)
where f(x) is a squared integrable function w.r.t. p¯i, i.e. Epi[f(x)
2] <∞. Table 1 summarizes the
notation.
1.1 Monte Carlo integration
In many practical scenarios, the integral I cannot be computed in a closed form, and numerical
approximations are typically required. Many deterministic quadrature methods are available in the
literature [1, 4, 18, 51, 80]. However, as the dimension D of the inference problem grows (x ∈ RD),
the deterministic quadrature schemes become less efficient. In this case, a common approach
consists of approximating the integral I in Eq. (3) by using Monte Carlo (MC) quadrature
[25, 47, 33, 50, 57, 70, 85]. Namely, considering T are independent and identically distributed
(i.i.d.) samples drawn from the posterior target pdf, i.e. x(1), . . . ,x(T ) ∼ p¯i(x),1 we can build the
consistent estimator
ÎT =
1
T
T∑
t=1
f(x(t))
p−→ I, (4)
i.e., ÎT converges in probability to I due to the weak law of large numbers. In other words, for
any positive number  > 0, we have limT→∞ Pr(|ÎT − I| > ) = 0. Note also that Epi[ÎT ] = I,
i.e. the estimator is unbiased. The approximation ÎT is known as a direct (or ideal) Monte Carlo
estimator if the samples x(t) are i.i.d. from p¯i.
1In this work, for simplicity, we use the same notation for denoting a random variable or one realization of a
random variable.
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1.1.1 Efficiency of the direct Monte Carlo estimator
Since the samples are i.i.d., the variance of the estimator ÎT is given by
Var
[
ÎT
]
=
1
T 2
T∑
t=1
Var
[
f(x(t))
]
, (5)
=
σ2f
T
, (6)
where σ2f = Var [f(x)], and i.i.d. x
(1), . . . ,x(T ) ∼ p¯i(x). Therefore, the variance of ÎT depends on
the functions f and p¯i (i.e., the variance of the random variable z = f(x) with x ∼ p¯i(x)) and
decreases linearly with the number T of i.i.d. samples. Due to the central limit theorem, the
distribution of ÎT is approximated by N
(
I,
σ2f
T
)
when T →∞.
1.2 Markov chain Monte Carlo (MCMC) methods
Unfortunately, drawing independent samples from p¯i(x) is in general not possible, and alternative
approaches, e.g., Markov chain Monte Carlo (MCMC) algorithms, are needed [24, 37, 55, 85]. An
MCMC method generates an ergodic Markov chain with invariant (a.k.a., stationary) density given
by the posterior pdf p¯i(x) [53]. Specifically, given a starting state x(0), a sequence of correlated
samples is generated, x(0) → x(1) → x(2) → .... → x(T ). Even if the samples are now correlated,
the estimator
I˜T =
1
T
T∑
t=1
f(x(t)) (7)
is consistent, regardless the starting vector x(0) [91].2 With respect to the direct Monte Carlo
approach using i.i.d. samples, the application of an MCMC algorithm entails a loss of efficiency
of the estimator ÎT , if the samples are positively correlated. In other words, to achieve a given
variance obtained with the direct Monte Carlo estimator, it is necessary to generate more samples.
In order to clarify this consideration, let us define the auto-covariance at lag k
γk = cov
[
f(x(t)), f(x(t+k))
]
,
so that γ0 = σ
2
f = Var [f(x)]. Then, the autocorrelation at lag k is defined as
ρk =
cov
[
f(x(t)), f(x(t+k))
]
Var [f(x)]
,
=
γk
σ2f
. (8)
Note that ρ0 = 1 and ρ0 ≥ |ρk| for all k > 0 (k ∈ N). It can be shown that the variance of the
estimator I˜T in Eq. (7) when the samples have autocorrelation function ρk is [29]
Var
[
I˜T
]
=
σ2f
T
(
1 +
2
T
T−1∑
k=1
(T − k)ρk
)
. (9)
2Recall we are assuming that the Markov chain is ergodic and hence the starting value is forgotten.
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Moreover, it is possible to write that
lim
T→∞
TVar
[
I˜T
]
= σ2f
(
1 + 2
∞∑
k=1
ρk
)
, (10)
if the series of ρk is convergent. In order to quantify the loss of efficiency w.r.t. the direct Monte
Carlo approach (see Eq. (6)), we can define the Effective Sample Size (ESS) for an MCMC
technique
Teff = lim
T→∞
T
Var
[
ÎT
]
Var
[
I˜T
] , (11)
=
T
1 + 2
∑∞
k=1 ρk
, (12)
which can be thought of the number of independent samples needed to obtain a variance of
Var
[
I˜T
]
, i.e., Var
[
ÎTeff
]
= Var
[
I˜T
]
. Since, in general, the MCMC algorithm induces positive
correlation among the samples, then Teff ≤ T [29]. Note that, the equality Teff = T is achieved
if there is zero correlation among the samples. Thus, considering the same computational cost,
an MCMC technique provides better performance than other MCMC method if the generated
samples present less correlation.
Burn-in. Another consequence of the correlation is the burn-in period that the chain requires
before converging to the invariant distribution. Therefore a certain number of initial samples
should be discarded, i.e., not included in the resulting estimator [7, 85]. However, the length of
the burn-in period is in general unknown. Several studies in order to estimate the length of the
burn-in period [16, 32] or to avoid it [81] can be found in the literature.
Example 1. Let us consider the study of an invariant probability mass function (pmf) of a Markov
chain in a discrete space. In this case, we consider x ∈ {1, 2, 3} and a 3 × 3 transition matrix
(a.k.a., as a kernel matrix) of the chain,
K = {ki,j} =
 0.3 0.3 00.7 0.1 0.5
0 0.6 0.5
 . (13)
where ki,j represents the probability of the transition from i-th to the j-th state. For instance,
k1,2 = 0.7 is the probability of jumping from state 1 to state 2. Let us consider the eigenvalue
problem
Kp = λp,
where λ ∈ R and p is 3 × 1 generic vector. The eigenvalues of K are λ1 = 1, λ2 = −0.4772
and λ3 = 0.3772. The eigenvector associated to λ1 = 1 is the invariant probability mass function
(pmf)
p¯i = [0.1630, 0.3804, 0.4565]>.
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This pmf is called invariant since
Kp¯i = p¯i,
i.e., for a dynamical point of view, p¯i is a fixed point for the application K. Moreover, the fixed
point p¯i is attractive and stable. Indeed, let us consider now the starting pmf p0 = [0, 0, 1]
>, and
the following recursion
pt+1 = Kpt, for t = 0, 1, 2, . . . ,
that can be also written as pt+1 = K
tp0. We can observe that
p1 = Kp0 = [0, 0.5, 0.5]
>,
p2 = Kp1 = [0.50, 0.30, 0.55]
>,
...
p13 = Kp12 = [0.1630, 0.3805, 0.4565]
>,
p14 = Kp13 = [0.1630, 0.3804, 0.4565]
> ≈ p¯i,
...
p¯i = Kp¯i,
i.e., after 14 steps (i.e., the burn-in period), the chain has virtually reached the invariant pmf p¯i.
It is possible to show that
lim
t→∞
pt = p¯i, and lim
t→∞
Kt = [p¯i, p¯i, p¯i]
i.e., the matrix Kt converges, as t grows, to a matrix whose columns are exactly p¯i, so that
p¯i = K∞p0 for any possible starting pmf p0.
2 Metropolis-Hastings (MH) algorithm
Algorithm. One of the most popular and widely applied MCMC algorithm is the Metropolis-
Hastings (MH) method [42, 71, 29, 55, 84]. Nicolas Metropolis (physicist and mathematician)
came to Los Alamos (New Mexico) in 1943, during the World War II, joining a group of scientists
working on mathematical physics and the atomic bomb. In 1953, they published a first version
of the algorithm in the Journal of Chemical Physics [71]. The algorithm was generalized by W.
Hastings in 1970 [42]. In order to apply the MH method, the only requirement is to be able
to evaluate point-wise a function proportional to the target, i.e., pi(x) ∝ p¯i(x). For the sake of
simplicity, we assume that pi(x) > 0 for all x ∈ RD. A proposal density (a pdf which is easy to
draw from) is denoted as q(x|x(t−1)) > 0, with x,x(t−1) ∈ RD. Below, we describe the standard
MH algorithm in detail.
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The Metropolis-Hastings algorithm
1. Choose an initial state x(0).
2. For t = 1, . . . , T :
(a) Draw a sample z′ ∼ q(x|x(t−1)).
(b) Accept the new state, x(t) = z′, with probability
α(x(t−1), z′) = min
[
1,
pi(z′)q(x(t−1)|z′)
pi(x(t−1))q(z′|x(t−1))
]
. (14)
Otherwise, set x(t) = x(t−1).
The algorithm returns the sequence of states {x(1),x(2), . . . ,x(t), . . . ,x(T )} or a subset of them
removing the burn-in period if an estimation of its length is available. We can see that the next
state x(t) can be the proposed sample z′ (with probability α) or the previous state x(t−1) (with
probability 1 − α). Under some mild regularity conditions, when t grows, the pdf of the current
state x(t) converges to the target density p¯i(x) [85]. The MH algorithm satisfies the so-called
detailed balance condition which is sufficient to guarantee that the output chain is ergodic and
has p¯i as stationary distribution [29, 55, 85] (see proof in Section 2.3).
2.1 Elements in the MH method
Observe the MH algorithm involves the following three elements:
• the proposal density q(z|x),
• the acceptance probability α(x, z),
• and the target function pi(x).
All of them can be varied, improved or extended in order to improve the performance of the
algorithm, and always ensuring the ergodicity of the chain (see Sections 2.2, 2.4 and 3). The
proposal pdf q should be chosen as close as possible to the target pi. Different acceptance
probabilities α could be used, and in generalized MH methods suitable acceptance functions
must be designed in order to guarantee the ergodicity of the generated chain. Furthermore, in
some specific scenario, an artificial increase of the parameter space can be useful for improving the
performance. More specifically, higher dimensional target functions pig are studied in some cases.
The extended target pig is built in order to have the true posterior pdf pi as a marginal density.
Other important considerations about the MH method are:
• the inference is directly performed in the D-dimensional space, i.e., using a block approach
(unlike in a component-wise strategy; see Section 3),
• only one sample z′ is proposed as new possible state,
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• the dimensionality of the problem D is considered fixed,
• the only requirement is to be able to evaluate pi(x).
In the rest of the work, we broaden the discussion about the flexibility of the MH algorithm and
its extensions.
2.2 Particular choices of the proposal form
Some interesting cases, depending on the choice of the proposal density, are discussed below:
1. Symmetric proposal: if the proposal satisfies the equality q(z|x) = q(x|z), then the
acceptance probability is simplified, i.e.,
α(x, z) = min
[
1,
pi(z)
pi(x)
]
, (15)
depending only on the evaluation of the target function pi. This special case is interesting
since it clarifies the strict relationship between the sampling and optimization problems.
Indeed, in this case, we have
α(x, z) =

1, if pi(z) ≥ pi(x),
pi(z)
pi(x)
, if pi(z) < pi(x),
(16)
i.e., the samples providing higher values of pi are always accepted, whereas the samples
providing smaller values of pi are only accepted according to a certain probability. Figure 1
depicts this scenario.
x(t 1)
z0 z0
↵ =
⇡(z0)
⇡(x(t 1)) ⇡(x)
x
↵ = 1
Figure 1: With a symmetric proposal, the “uphill” samples z′ are always accepted as next state.
The “downhill” jumps are accepted with probability α = pi(z
′)
pi(x(t−1)) .
Variant for Optimization. The simulated annealing method is an optimization algorithm
[49, 59, 44] which can be considered a variant of the MH method where the target pi is
tempered (i.e., scaled) in order to decrease the probability of accepting the new points z’s
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with smaller values pi(z) w.r.t. the current state x. More specifically, in simulated annealing,
the α is modified as
α(x, z) = min
[
1,
(
pi(z)
pi(x)
)γt]
, (17)
where γt ∈ [1,∞) and for optimization purposes is an increasing function of t, i.e.,
γ0 = 1 ≤ γ1 ≤ γ2 ≤ · · · ≤ γt <∞.
Indeed, for γt > 1 and z 6= x, if pi(z) > pi(x) we have
(
pi(z)
pi(x)
)γt
> pi(z)
pi(x)
> 1 whereas, if
pi(z) < pi(x), we have
(
pi(z)
pi(x)
)γt
< pi(z)
pi(x)
so that the ratio
(
pi(z)
pi(x)
)γt
is closer to zero.
2. Independent proposal: if the proposal pdf is independent on the previous state of the
chain, i.e., q(z|x) = q(x), the acceptance probability is
α(x, z) = min
[
1,
pi(z)q(x)
pi(x)q(z)
]
, (18)
= min
[
1,
w(z)
w(x)
]
, (19)
where w(x) = pi(x)
q(x)
is the weight associated to the sample x in the standard importance
sampling technique [17, 27, 28, 26, 64, 63].
3. Optimal proposal: if q(x) = p¯i(x), i.e., the proposal coincides with the target pdf (recall
p¯i(x) ∝ pi(x)), we have
α(x, z) = 1, (20)
hence all the proposed samples are accepted since they are distributed as p¯i(x). The produced
states are independent and, as consequence, they have zero correlation among each other.
4. Random walk proposal: this is the case when the proposal pdf can be expressed as
q(z|x) = q(z− x), i.e., x plays the role of a location parameter (as the mean). This choice
presents an interesting explorative behavior since the location of the proposal follows a
random walk around the parameter space, according to the states of chain.
Example 2. An example of a both symmetric and random walk proposal is
q(z|x) ∝ exp
(
−(z− x)
2
2σ2
)
, (21)
i.e., a Gaussian density with mean x and covariance matrix σ2ID.
3
3With ID, we have denoted the identity matrix of dimensions D ×D.
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2.3 Invariant distribution of the MH algorithm
Let us denote as K(z|x) the transition function (or kernel) that determines the probability of
moving from the state x to the state z of an MCMC algorithm. A generic MCMC technique has
p¯i(x) as an invariant (or stationary) distribution if its kernel satisfies∫
RD
K(z|x)p¯i(x)dx = p¯i(z), (22)
i.e., p¯i(x) plays the role of an eigenfunction w.r.t. the integral operator including K(z|x) associated
to an eigenvalue 1 (see Ex. 1 for the discrete case). A sufficient condition which implies the
equation above is the detailed balance condition [85],
p¯i(x)K(z|x) = p¯i(z)K(x|z). (23)
If the condition above if fulfilled, p¯i is invariant w.r.t. K and the chain is also reversible [29, 85].
This condition is equivalent to Eq. (22) since by integrating both sides of (23) w.r.t. x, we obtain∫
RD
p¯i(x)K(z|x)dx =
∫
RD
p¯i(z)K(x|z)dx, (24)∫
RD
p¯i(x)K(z|x)dx = p¯i(z). (25)
In the following, we show that the MH technique yields a reversible chain, with invariant pdf
p¯i(x) ∝ pi(x), by proving that it fulfills the detailed balance condition. The kernel of the MH
method is
K(z|x) =
{
q(z|x)α(x, z), for x 6= z,
βr(x), for x = z,
(26)
where
βr(x) = 1−
∫
RD
q(v|x)α(x,v)dv,
is the rejection probability of a proposed generic state given that the previous state is x [5]. In
the case z = x, the kernel is a Dirac delta function. For z 6= x, the balance condition is
pi(x)K(z|x) = pi(x)q(z|x)α(x, z),
= pi(x)q(z|x) min
[
1,
pi(z)q(x|z)
pi(x)q(z|x)
]
,
= min [pi(x)q(z|x), pi(z)q(x|z)] ,
(27)
where we have replaced the expression of α(x, z) in Eq. (14). We can observe that (27) is
symmetric w.r.t. the variables x and z (i.e., they can be interchanged without varying the
expression), then we can write pi(x)K(z|x) = pi(z)K(x|z), which is precisely the detailed balance
condition. About the possible rates of convergence of an ergodic chain, see [78, 93].
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2.4 Alternative acceptance functions
General form. There exist other alternative acceptance functions α(x, z) which yield reversible
MH kernels (i.e., that satisfy the balance condition). Let us define
r(x, z) =
pi(z)q(x|z)
pi(x)q(z|x) , (28)
and a function h(r) : R+ → [0, 1] that satisfies the following property
h(r) = rh(r−1). (29)
Then any acceptance probability defined as
α(x, z) = h ◦ r(x, z) = h(r(x, z)), (30)
is suitable in order to fulfill the balance condition (see [13] for a similar discussion). A more
general formulation is
α(x, z) = λ(x, z)h(r(x, z)), (31)
where λ(x, z) = λ(z,x) is a symmetric function satisfying 0 ≤ α(x, z) ≤ 1 for all possible x and
z. Noting that r(z,x) = 1
r(x,z)
and recalling Eq. (29), for the α functions defined in Eq. (30) we
can also write
α(x, z) = h(r(x, z)) = r(x, z)h(r(x, z)−1),
= r(x, z)h(r(z,x)),
and finally we obtain
α(x, z) = r(x, z)α(z,x). (32)
Therefore, employing the property above, we can easily prove the detailed balance condition as
follows
pi(x)q(z|x)α(x, z) = pi(x)q(z|x)r(x, z)α(z,x),
= pi(x)q(z|x)pi(z)q(x|z)
pi(x)q(z|x)α(z,x),
= pi(z)q(x|z)α(z,x).
Examples. Considering Eq. (30) and choosing h(r) = min[1, z] we have again α(x, z) =
min
[
1, pi(z)q(x|z)
pi(x)q(z|x)
]
. Choosing h(r) = 1
1+ 1
r
, considering Eq. (31) and recalling r(x, z) = 1
r(z,x)
,
we obtain the so-called Hastings’ generalization [42],
α(x, z) =
λ(x, z)
1 + pi(x)q(z|x)
pi(z)q(x|z)
=
λ(x, z)
1 + 1
r(x,z)
(33)
=
λ(x, z)
1 + r(z,x)
, (34)
=
r(x, z)λ(x, z)
r(x, z) + 1
, (35)
10
With λ(x, z) = 1, we obtain Barker’s acceptance function [6],
α(x, z) =
pi(z)q(x|z)
pi(z)q(x|z) + pi(x)q(z|x) . (36)
=
pi(z)
q(z|x)
pi(z)
q(z|x) +
pi(x)
q(x|z)
=
w(z|x)
w(z|x) + w(x|z) , (37)
where, in the second line, we have multiplied numerator and denominator by 1
q(x|z)q(z|x) and we
have denoted w(x|z) = pi(x)
q(x|z) (in the same fashion of an importance sampling weight [57, 85]).
Different discussions about the relationship of the Barker’s acceptance function with resampling
procedures and extensions with different numbers of proposed samples can be found in [75, 20, 65].
The Hastings’ generalization in Eq. (33) includes also the standard acceptance function in Eq.
(14) for λ(x, z) = 1 + min [r(x, z), r(z,x)]. Indeed, replacing this choice of λ(x, z) into Eq. (35),
we have
α(x, z) =
r(x, z)λ(x, z)
r(x, z) + 1
,
=
r(x, z)(1 + r(x, z))
r(x, z) + 1
= r(x, z), if r(x, z) < r(z,x),
and
α(x, z) =
r(x, z)λ(x, z)
r(x, z) + 1
,
=
r(x, z)(1 + r(z,x))
r(x, z) + 1
,
=
r(x, z)(1 + 1
r(x,z)
)
r(x, z) + 1
= 1 if r(x, z) ≥ r(z,x).
Therefore, with λ(x, z) = 1 + min [r(x, z), r(z,x)], we obtain α(x, z) = min[1, r(x, z)]. Figure 2
provides a graphical representation of these connections among the two general forms Eq. (30)
and (31) and their specific cases.
Best choice. Within this class of acceptance functions, the best choice following Peskun’s
ordering [79, 92] is the standard acceptance function min [1, r(x, z)]. Indeed, recalling Eqs. (30)-
(32) (and always we have 0 ≤ α ≤ 1), it is possible to show that
α(x, z) = r(x, z)α(z,x) ≤ min [1, r(x, z)] , (38)
i.e., roughly speaking, keeping fixed the proposal and target functions, the standard acceptance
function provides higher acceptance rates.
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Figure 2: Relationships among the general forms of the acceptance function and the specific cases.
Other examples. Other possible alternatives have appeared. For instance, the following
acceptance probabilities have been proposed in the literature,
α(x, z) =
pi(z)
q(z|x)ρ(x, z), α(x, z) =
1
q(z|x)pi(x)ρ(x, z), (39)
α(x, z) =
q(x|z)
pi(x)
ρ(x, z), α(x, z) = q(x|z)pi(z)ρ(x, z), (40)
where ρ is a symmetric function, ρ(x, z) = ρ(z,x), such that 0 ≤ α(x, z) ≤ 1 for all x, z ∈ RD.
2.5 Acceptance rate
In the MH method, a tentative sample is drawn from a proposal distribution and then a test is
carried out to determine whether the state of the chain should jump to the new proposed value
or not. This test depends on the acceptance probability α. If the jump is not accepted (with
probability 1 − α), the chain remains in the same state as before. We can define the acceptance
rate as
aR =
∫
D2
α(x, z)q(z|x)p¯i(x)dzdx ≈ 1
T
T∑
t=1
α(x(t−1), z(t)), (41)
where the last expression is a Monte Carlo approximation of the integral in Eq. (41) where x(t−1)
represents the state of an MH chain at the (t− 1)-th iteration, and z(t) is the proposed sample at
the t-th iteration,4 i.e., z(t) ∼ pi(z|x(t−1)). Clearly, 0 ≤ aR ≤ 1.
4Since the chain has p¯i as invariant pdf, we have x(t−1) ∼ p¯i(x) after a “burn in” period. Namely, after a certain
number of iterations, we have (x(t−1), z(t)) ∼ q(z(t)|x(t−1))p¯i(x(t−1)).
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Optimal acceptance rate a∗R. Given a target p¯i(x) and choosing the class of the proposal
functions to be used as qσ(x|x(t−1)), where σ represents a scale parameter, there exists an optimal
scale parameter σ such that we obtain an optimal value a∗R. This optimal acceptance rate a
∗
R
minimizes the correlation among the samples within the chain. Unlike in a rejection sampler
[36, 85], this optimal rate a∗R is in general unknown. Moreover, it varies depending on the specific
problem, and in general differs from 1 (i.e., a∗R 6= 1 in a generic sampling problem). In [86], under
certain assumptions, the authors obtain a∗R ≈ 0.234 whereas, considering another scenario, the
authors of [87, 88] obtain a∗R ≈ 0.574.
Scenarios where aR ≈ 1. Above, we have observed that the optimal acceptance rate a∗R
generally differs from 1. However, in some scenarios, acceptance rates close to 1 could show that
the proposal and the target functions have similar shapes and the MH sampler provides excellent
performance. In other scenarios, it can mean catastrophic behaviors in terms of performance.
Below, we list two different scenarios where we can have aR ≈ 1:
1. When the proposal coincides with the target density, i.e., q(x) = p¯i(x). This is clearly
an ideal case, where the MH method is converted into an exact sampler, providing the
optimal possible Monte Carlo performance, i.e., i.i.d. samples from the target p¯i(x) (without
considering negative correlation among the samples). In this case, aR = 1.
2. When the scale parameter σ of the proposal pdf qσ(x|x(t−1)) is very small w.r.t. the variance
of the target. In this case the MH sampler tends to accept any proposed candidate in order
to explore as quickly as possible the state space. The performance is often poor with high
correlation among the generated samples.
In more sophisticated MH-type algorithms other similar scenarios exist. For instance, in
certain advanced MCMC techniques, as the Multiple Try Metropolis (MTM) method [58] or
the Independent Doubly Adaptive Metropolis Sampling (IA2RMS) technique [69], if certain
parameters grow to infinity, then aR → 1. In this case, the performance can be extremely good,
providing virtually independent samples, but with an increased computational cost. The key point
in these kind of methods is how they handle the trade-off between performance and computational
cost. Another example where aR = 1 occurs in an ideal (and only theoretical) scenario in the
Hamiltonian Monte Carlo approach when the Hamiltonian equations can be solved analytically
and no numerical integration steps (as the leapfrog method) are required [76].
3 Variants, Extensions and Enhancements
In this section, we provide a brief overview of the main variants, extensions and enhancements
of MH which can be found in literature. We summarize the main ideas and classes of algorithms
that have been widely used in different applications. This can be seen as a list of research topics
which have been (or they still are) active research areas. Note that all the points in the following
list generalize the elements and relax some of the assumptions described in Section 2.1 for the
standard MH method. This section is summarized graphically in Figure 3.
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Figure 3: Graphical representation of different variants, extensions and research lines regarding
the MH algorithm. In all these schemes, in general, x can be a discrete or continuous variable
whereas the iteration t of the chain is a discrete variable, typically t ∈ N (for continuous extensions
see, e.g., [11]).
Componentwise Metropolis sampling. The standard MH technique works directly in the D-
dimensional space of the variable of interest x = [x1, . . . , xd, . . . xD]
> ∈ RD. However, component-
wise approaches [41, 48, 54, 35] working iteratively in different uni-dimensional slices of the entire
space (updating individually each component xd) are possible. This scheme is called Metropolis-
within-Gibbs or Componentwise Metropolis sampling [31, 56, 85]. In many applications, and for
different reasons, the component-wise approach is the preferred choice. For instance, this is
the case when the full-conditional distributions are directly provided or when the probability of
accepting a new state with a complete block approach becomes negligible as the dimension of the
problem D increases. The Metropolis-within-Gibbs strategy can be applied with uni-dimensional
slices (updating component by component) applying the MH for drawing from univariate full-
conditional pdfs. Block-wise MH-within-Gibbs sampling approaches where several components
are updated simultaneously have been also proposed.
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Improving the proposal and gradient-based approaches. The performance of the MH
technique depends strongly on the choice of the proposal density. With a proposal pdf closer to
the target density, the algorithm provides a sequence of states with less correlation among each
other and, as a consequence, Monte Carlo estimators with smaller Mean Square Error (MSE).
Therefore, several schemes adapting the proposal function have been proposed [19, 45, 30, 23, 90]:
some of them adapt parametric functions [40, 38, 60], whereas others consider non-parametric
approaches [35, 69, 72]. The main issue with the adaptation of the proposal is to ensure the
ergodicity of the resulting chain [43, 89].
Another way for improving the proposal is to incorporate any information available in advance
about the target pdf. For instance, we can use the information provided by the gradient of the
target posterior density: this is the idea in the Metropolis-adjusted Langevin algorithm (MALA)
[87, 55, 85]. A more general approach, containing MALA as a special case, is given by the
Hamiltonian Monte Carlo (HMC) schemes [76]. In HMC, the target pdf is extended by creating
a complete artificial variable p ∈ RD (inspired by the momentum in physics) and the joint
generalized target pig is defined following the Hamiltonian, i.e., − log pig(x) = − log pi(x) + 12p2
[76] where 1
2
p2 plays the role of kinetic energy.
Several tries per iteration. In the MH technique, at each iteration one new sample z′ is
generated to be tested with the previous state x(t−1) by the acceptance probability α(x(t−1), z′).
Other generalized MH schemes generate several candidates at each iteration to be tested as new
possible state. In all these schemes, the acceptance probability α is properly designed in order
to guarantee the ergodicity of the chain. The Multiple Try Metropolis (MTM) algorithms are
examples of this class of methods [58, 21, 22, 68], whereN samples are drawn from the proposal pdf,
then one of them is selected according to some suitable weights, and finally the selected candidate
is accepted as new state according to a generalized probability function α. A similar approach is
the so-called Ensemble MCMC (EnMCMC) technique [75, 20, 65]. When an independent proposal
q(z) is employed, the EnMCMC scheme can be seen as an MH generalization using an extended
Barker acceptance function (see Section 2.4). Moreover, both MTM and EnMCMC can be also
interpreted as a way to combine an MCMC approach with the resampling procedure [68, 65].
Another interesting scheme (possibly) drawing different candidates per iteration is the Delaying
Rejection MH (DRMH) algorithm [94]. In DRMH, if the generated sample z′1 is rejected according
to the probability α1, then a new candidate z
′
2 is drawn and tested according to a new suitable
probability α2 (ensuring the ergodicity). If z
′
2 is rejected the process continues, generating a new
sample z′3. The information provided by the rejected tries z
′
1, z
′
2 can be used for improving the
proposal function. If z′2 is accepted, then the chain is moved forward. The main advantage of
all these schemes (MTM, EnMCMC and DRMH) is that they can explore a larger portion of the
sample space, at the expense of a higher computational cost per iteration (more evaluations of the
target are needed at each iteration).
The particle Metropolis-Hastings (PMH) method [2] belongs to the MTM family: in this case,
the N samples (called particles) and the corresponding weights are generated sequentially via
sequential importance resampling, a.k.a., particle filtering technique [62, 66]. The presence of
the resampling steps adds correlation among the N tries (particles) but the ergodicity is not
jeopardized (note also that several MTM schemes with correlated tries have been proposed in
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literature [22, 67]). In the so-called particle marginal MH (PM-MH) algorithm [2], a subset of
parameters is generated sequentially and the rest of the parameters are drawn with a standard
block approach. This fits particularly well for making inference in state space models where
the dynamical variables are drawn by a particle filter and the unknown (static) parameters are
generated in a standard way (using a proposal pdf with a block approach). More specifically,
the PM-MH performs as an MTM scheme w.r.t. to the dynamic parameters, whereas PM-MH
performs as a standard MH w.r.t. the static parameters [66]. Furthermore, PMH and MTM using
an independent proposal pdf can be also interpreted as standard MH schemes when an extended
importance sampling theory is employed [62].
Parallel chains, tempering of the target, and parallel implementation. For a fixed
computational cost, the use of a longer single MH chain should be better than the use of
several shorter independent runs, in terms of convergence (in order to exceed the burn-in period).
However, in certain scenarios (as a multimodal target pdfs, for instance), there is not a clear
advantage of using single longer chain with respect to employing independent parallel chains (IPCs)
[50, 65]. IPCs can foster the exploration of the state space and improve the overall performance.
Several studies suggest different ways for exchanging information among the parallel chains that,
in this case, are no longer independent [65, 23, 34]. These schemes are often combined with the
idea of defining an extended target
p¯ig(x1, . . . ,xR) ∝
R∏
r=1
pir(xr), (42)
where pi1(x1) = pi(x) is the original target and the other ones are tempered (i.e., scaled) versions
of pi, i.e., pir(xr) = [pi(x)]
γr (unlike for optimization, in this case 0 < γr < 1 for all r).
5 In this
type of scheme, R different chains are performed considering a different target function pir(xr),
and they exchange information in order to improve the mixing of the first one addressing pi(x).
Another related topic is the parallel implementation of the standard MH algorithm, distributed
across different processors/machines. The MH method has traditionally been implemented in an
iterative non-parallel fashion. Several authors have studied its parallelization, in order to reduce
their computation time [15, 46].
Variable dimension D of the inference space (inferring D). Several applications involve
varying-dimension problem. Hence, it is necessary that the space of the parameters can change
its dimension D (x ∈ RD). For instance, this usually occurs for the joint purpose of parameter
estimation and model selection, e.g., when the number of parameters in the model is unknown.
Typically, more complex models require more parameters whereas simpler models require fewer
parameters. We can interpret that the dimension D is an additional parameter that has to be
inferred. The Reversible Jump MCMC (RJ-MCMC) algorithm proposed in [39] is an extension of
the MH method capable of jumping between spaces of different dimensionality. This is possible
with a suitable generalization of the acceptance probability function α (incorporating the Jacobian
of the transformation considered for connecting the different spaces).
5The dimension of the problem is increased, but it is considered fixed during the inference.
16
When the posterior cannot be evaluated. In some applications, it is not possible to evaluate
the target function pi(x). In some cases, we can compute an extended target pie(x,v) having pi(x)
as marginal pdf, and we are not interested in inferring the parameter v but only x. If we cannot
evaluate directly the marginal pi(x), we have to approximate this marginal pdf in some way. The
approximated MH methods for this scenario are called pseudo-marginal algorithms [8, 3]. A related
problem (as noted, e.g, in [82]) appears when the normalizing constant of the likelihood function
(a.k.a., partition function) is unknown and depends to the parameter x to be inferred. Namely, a
piece/factor of the likelihood function cannot be evaluated and must be estimated as well. This is
the case of the doubly-intractable distributions [82] and the Møller method [73] and the so-called
exchange algorithm [74]. When the entire likelihood `(y|x) is completely unknown or cannot
be evaluated, the so-called Approximate Bayesian Computation (ABC) approach can be applied
[9, 61]. In both cases, it is necessary to generate artificial data y1,y2, ...,yM ∼ `(y|x′) given a
generic parameter value x′. This task can require the use of another Monte Carlo technique (for
instance, a rejection sampler or other MCMC algorithm).
Convergence detection. Several studies have been devoted to the detection of the convergence
or lack thereof (establishing convergence bounds etc.) [29, 85]. One algorithm that avoids
this problem is the Coupling From The Past (CFTP) technique [81]. However, its design and
implementation tend to require a great care. In general, implementing CFTP for practical
application is still a difficult task.
Non-reversible algorithms. The standard MH method, as well as several its generalizations,
satisfies the detailed balance condition so that the produced chain is reversible (see Section 2.3).
However, the reversibility is only used as a theoretical tool in order to show that the generated
chains converges to the target distribution (recall that is a sufficient condition but not necessary).
However, different studies in the literature show that non-reversible Markov chains may have better
properties in terms of mixing behavior or asymptotic variance, hence providing better performance
[12, 77].
Acknowledgements
This work has been supported by the European Research Council (ERC) through the ERC
Consolidator Grant SEDAL ERC-2014-CoG 647423.
References
[1] F. S. Acton. Numerical Methods That Work. The Mathematical Association of America,
Washington, DC, 1990.
[2] C. Andrieu, A. Doucet, and R. Holenstein. Particle Markov chain Monte Carlo methods.
Journal of the Royal Statistical Society B, 72(3):269–342, 2010.
17
[3] C. Andrieu and G. O. Roberts. The pseudo-marginal approach for efficient Monte Carlo
computations. The Annals of Statistics, 37(2):697–725, 2009.
[4] M. C. Aus´ın. Quadrature and numerical integration. Wiley StatsRef: Statistics Reference
Online (stat03875), pages 1–10, 2014.
[5] M. C. Aus´ın. Markov Chain Monte Carlo, introduction. Wiley StatsRef: Statistics Reference
Online (stat03877.pub2), pages 1–10, 2015.
[6] A. A. Barker. Monte Carlo calculation of the radial distribution functions for a protonelectron
plasma. Austral. J Phys., 18:119–133, 1973.
[7] K. Barnes. Markov Chain Monte Carlo (MCMC). Wiley StatsRef: Statistics Reference Online
(stat07189), pages 1–12, 2014.
[8] M. A. Beaumont. Estimation of population growth or decline in genetically monitored
populations. Genetics, 164:1139–1160, 2003.
[9] M. A. Beaumont, W. Zhang, and D. J. Balding. Approximate Bayesian Computation in
population genetics. Genetics, 162:2025–2035, 2002.
[10] J. M. Bernardo and A. F. M. Smith. Bayesian Theory. Wiley & sons, 1994.
[11] A. Beskos and A. Stuart. MCMC methods for sampling function space. International Congress
on Industrial and applied Mathematics (ICIAM), pages 337–364, 2009.
[12] J. Bierkens. Non-reversible Metropolis-Hastings. Statistics and Computing, 2015.
[13] L. J. Billera and P. Diaconis. A geometric interpretation of the Metropolis-Hastings algorithm.
Statistical Science, 16(4):335–339, 2001.
[14] G. E. P. Box and G. C. Tiao. Bayesian Inference in Statistical Analysis. Wiley & sons, 1973.
[15] E. Brockwell. Parallel Markov chain Monte Carlo simulation by prefetching. Journal of
Computational and Graphical Statistics, 15(1):246261, 2006.
[16] S. P. Brooks and A. Gelman. General methods for monitoring convergence of iterative
simulations. J. Comput. Graph. Statist., 7(4):434–455, 1998.
[17] M. Bugallo, L. Martino, and J. Corander. Adaptive Importance Sampling in Signal
Processing. Digital Signal Processing, 47:36–49, 2015.
[18] R. L. Burden and J. D. Faires. Numerical Analysis. Brooks Cole, 2000.
[19] B. Cai, R. Meyer, and F. Perron. Metropolis-Hastings algorithms with adaptive proposals.
Statistics and Computing, 18:421–433, 2008.
18
[20] B. Calderhead. A general construction for parallelizing Metropolis-Hastings algorithms.
Proceedings of the National Academy of Sciences of the United States of America (PNAS),
111(49):17408–17413, 2014.
[21] R. Casarin, R. V. Craiu, and F. Leisen. Interacting multiple try algorithms with different
proposal distributions. Statistics and Computing, 23:185–200, 2013.
[22] R. V. Craiu and C. Lemieux. Acceleration of the multiple-try Metropolis algorithm using
antithetic and stratified sampling. Statistics and Computing, 17:109–120, 2007.
[23] R.V. Craiu, J.S. Rosenthal, and C. Yang. Learn from thy neighbor: Parallel-chain adaptive
MCMC. Journal of the American Statistical Association, 488:1454–1466, 2009.
[24] J. Dagpunar. Simulation and Monte Carlo: With applications in finance and MCMC. John
Wiley and Sons, Ltd, England, 2007.
[25] William L. Dunn and J. Kenneth Shultis. Exploring Monte Carlo Methods. Elsevier Science,
Amsterdam (The Netherlands), 2011.
[26] V. Elvira, L. Martino, D. Luengo, and M. Bugallo. Efficient Multiple Importance Sampling
Estimators. IEEE Signal Processing Letters, 22(10):1757–1761, 2015.
[27] V. Elvira, L. Martino, D. Luengo, and M. Bugallo. Generalized Multiple Importance
Sampling. arXiv:1511.03095, 2015.
[28] V. Elvira, L. Martino, D. Luengo, and M. Bugallo. Heretical Multiple Importance Sampling.
IEEE Signal Processing Letters, 23(10):1474–1478, 2016.
[29] D. Gamerman and H. F. Lopes. Markov Chain Monte Carlo: Stochastic Simulation for
Bayesian Inference. Chapman & Hall/CRC Texts in Statistical Science, 2006.
[30] J. Gasemyr. On an adaptive version of the Metropolis-Hastings algorithm with independent
proposal distribution. Scandinavian Journal of Statistics, 30(1):159–173, October 2003.
[31] A. E. Gelfand. Gibbs sampling. Wiley StatsRef: Statistics Reference Online (stat00211),
pages 1–11, 2014.
[32] A. Gelman and D. B. Rubin. Inference from iterative simulation using multiple sequences.
Statistical Science, 7(4):457–472, 1992.
[33] J. E. Gentle. Random Number Generation and Monte Carlo Methods. Springer, 2004.
[34] C. J. Geyer. Markov Chain Monte Carlo maximum likelihood. Computing Science and
Statistics: Proceedings of the 23rd Symposium on the Interface, pages 156–163, 1991.
[35] W. R. Gilks, N. G. Best, and K. K. C. Tan. Adaptive Rejection Metropolis Sampling within
Gibbs Sampling. Applied Statistics, 44(4):455–472, 1995.
19
[36] W. R. Gilks and P. Wild. Adaptive Rejection Sampling for Gibbs Sampling. Applied Statistics,
41(2):337–348, 1992.
[37] W.R. Gilks, S. Richardson, and D. Spiegelhalter. Markov Chain Monte Carlo in Practice:
Interdisciplinary Statistics. Taylor & Francis, Inc., UK, 1995.
[38] P. Giordani and R. Kohn. Adaptive independent Metropolis-Hastings by fast estimation of
mixtures of normals. Journal of Computational and Graphical Statistics, 19(2):243–259, 2010.
[39] P. J. Green. Reversible jump Markov chain Monte Carlo computation and Bayesian model
determination. Biometrika, 82(4):711–732, December 1995.
[40] H. Haario, E. Saksman, and J. Tamminen. An adaptive Metropolis algorithm. Bernoulli,
7(2):223–242, April 2001.
[41] H. Haario, E. Saksman, and J. Tamminen. Component-wise adaptation for high dimensional
MCMC. Computational Statistics, 20(2):265–273, 2005.
[42] W. K. Hastings. Monte Carlo sampling methods using Markov chains and their applications.
Biometrika, 57(1):97–109, 1970.
[43] L. Holden, R. Hauge, and M. Holden. Adaptive independent Metropolis-Hastings. The Annals
of Applied Probability, 19(1):395–413, 2009.
[44] G. Høst. Simulated annealing. Wiley StatsRef: Statistics Reference Online (stat07200), pages
1–10, 2014.
[45] D. P. Kroese J. M. Keith and G. Y. Sofronov. Adaptive independent samplers. Statistics and
Computing, 18(4):408–420, 2008.
[46] P. Jacob, C. P. Robert, and M.H. Smith. Using parallel computation to improve independent
Metropolis-Hastings based estimation. Journal of Computational and Graphical Statistics,
3(20):616–635, 2011.
[47] P. Jaeckel. Monte Carlo Methods in Finance. Wiley, 2002.
[48] A. A. Johnson, G. L. Jones, and R. C. Neath. Component-wise Markov Chain Monte
Carlo: uniform and geometric ergodicity under mixing and composition. Statistical Science,
28(3):360–375, 2013.
[49] S. K. Kirkpatrick, C. D. Gelatt Jr., and M. P. Vecchi. Optimization by simulated annealing.
Science, 220(4598):671–680, May 1983.
[50] D.P. Kroese, T. Taimre, and Z.I. Botev. Handbook of Monte Carlo Methods. Wiley Series in
Probability and Statistics, John Wiley and Sons, New York, 2011.
[51] P. K. Kythe and M. R. Schaferkotter. Handbook of Computational Methods for Integration.
Chapman and Hall/CRC, 2004.
20
[52] P. M. Lee. Bayesian inference. Wiley StatsRef: Statistics Reference Online (stat00207.pub2),
pages 1–9, 2014.
[53] J. Lehoczky. Markov chains. Wiley StatsRef: Statistics Reference Online (stat05071), pages
1–7, 2014.
[54] R. A. Levine, Z. Yu, W. G. Hanley, and J. J. Nitao. Implementing component-wise Hastings
algorithms. Computational Statistics and Data Analysis, 48(2):363–389, 2005.
[55] F. Liang, C. Liu, and R. Caroll. Advanced Markov Chain Monte Carlo Methods: Learning
from Past Samples. Wiley Series in Computational Statistics, England, 2010.
[56] D. P. Liu, Q. T. Zhang, and Q. Chen. Structures and performance of noncoherent receivers
for unitary space-time modulation on correlated fast-fading channels. IEEE Transactions
Vwhicular Technology, 53(4):1116–1125, July 2004.
[57] J. S. Liu. Monte Carlo Strategies in Scientific Computing. Springer, 2004.
[58] J. S. Liu, F. Liang, and W. H. Wong. The multiple-try method and local optimization
in metropolis sampling. Journal of the American Statistical Association, 95(449):121–134,
March 2000.
[59] M. Locatelli. Convergence of a simulated annealing algorithm for continuous global
optimization. Journal of Global Optimization, 18:219–234, 2000.
[60] D. Luengo and L. Martino. Fully adaptive gaussian mixture Metropolis-Hastings algorithm.
IEEE International Conference on Acoustics, Speech, and Signal Processing (ICASSP), pages
1–5, 2013.
[61] P. Marjoram, J. Molitor, V. Plagnol, and Simon Tavare´. Markov chain Monte Carlo without
likelihoods. PNAS, 26:15324–15328, 2003.
[62] L. Martino, V. Elvira, and G. Camps-Valls. Group Importance Sampling for particle filtering
and MCMC. arXiv:1704.02771, 2017.
[63] L. Martino, V. Elvira, D. Luengo, and J. Corander. An adaptive population importance
sampler. IEEE International Conference on Acoustics, Speech, and Signal Processing
(ICASSP), 2014.
[64] L. Martino, V. Elvira, D. Luengo, and J. Corander. Layered adaptive importance sampling.
Statistics and Computing (accepted; in press), 2016.
[65] L. Martino, V. Elvira, D. Luengo, J. Corander, and F. Louzada. Orthogonal parallel MCMC
methods for sampling and optimization. Digital Signal Processing, 58:64–84, 2016.
[66] L. Martino, F. Leisen, and J. Corander. On multiple try schemes and the particle Metropolis-
Hastings algorithm. Technical Report, viXra:1409.0051, pages 1–27, 2014.
21
[67] L. Martino and J. Read. A multi-point Metropolis scheme with generic weight functions.
Statistics and Probability Letters, 82(7):1445–1453, 2012.
[68] L. Martino and J. Read. On the flexibility of the design of Multiple Try Metropolis schemes.
Computational Statistics, 28(6):2797–2823, 2013.
[69] L. Martino, J. Read, and D. Luengo. Independent doubly adaptive rejection Metropolis
sampling within Gibbs sampling. IEEE Transactions on Signal Processing, 63(12):3123–3138,
June 2015.
[70] E. Medova. Bayesian Analysis and Markov Chain Monte Carlo simulation. Wiley StatsRef:
Statistics Reference Online (stat03616), pages 1–12, 2015.
[71] N. Metropolis, A. Rosenbluth, M. Rosenbluth, A. Teller, and E. Teller. Equations of state
calculations by fast computing machines. Journal of Chemical Physics, 21:1087–1091, 1953.
[72] R. Meyer, B. Cai, and F. Perron. Adaptive rejection Metropolis sampling using Lagrange
interpolation polynomials of degree 2. Computational Statistics and Data Analysis,
52(7):3408–3423, March 2008.
[73] J. Møller, A. Pettitt, K. Berthelsen, and R. Reeves. An efficient Markov chain Monte Carlo
method for distributions with intractable normalising constants. Biometrika, 93(2):451–458,
2006.
[74] I. Murray, Z. Ghahramani, and D. MacKay. MCMC for doubly-intractable distributions.
Proceedings of the Twenty-Second Conference on Uncertainty in Artificial Intelligence
(UAI2006), pages 1–8, 2006.
[75] R. Neal. MCMC using ensembles of states for problems with fast and slow variables such as
Gaussian process regression. arXiv:1101.0387, 2011.
[76] R. Neal. MCMC using Hamiltonian dynamics. Appears as Chapter 5 of the Handbook
of Markov Chain Monte Carlo Edited by Steve Brooks, Andrew Gelman, Galin Jones, and
Xiao-Li Meng; Chapman and Hall CRC Press, 2011.
[77] R. M. Neal. Improving asymptotic variance of MCMC estimators: Non-reversible chains are
better. Technical report, No. 0406, Department of Statistics, University of Toronto, 2004.
[78] E. Nummelin. General Irreducible Markov Chains and non-negative operators. Cambridge
University Press, Cambridge., 1984.
[79] P. H. Peskun. Optimum Monte-Carlo sampling using Markov chains. Biometrika, 60(3):607–
612, 1973.
[80] B. F. Plybon. An Introduction to Applied Numerical Analysis. PWS-Kent, Boston, MA,
1992.
22
[81] J. G. Propp and D. B. Wilson. Exact sampling with coupled Markov chains and applications
to statistical mechanics. Random Structures Algorithms, 9:223–252, 1996.
[82] C. Robert. About pseudo-marginal approaches and exchange algorithms. C. Robert’s blog:
https://xianblog.wordpress.com/2010/11/07/exchange-algorithm/, 2010.
[83] C. P. Robert. The Bayesian Choice. Springer, 2007.
[84] C. P. Robert. The Metropolis-Hastings algorithm. Wiley StatsRef: Statistics Reference Online
(stat03900), pages 1–15, 2016.
[85] C. P. Robert and G. Casella. Monte Carlo Statistical Methods. Springer, 2004.
[86] G. O. Roberts, A. Gelman, and W. R. Gilks. Weak convergence and optimal scaling of
random walk Metropolis algorithms. Ann. Appl. Probab., 7:110–120, 1997.
[87] G. O. Roberts and J. S. Rosenthal. Optimal scaling of discrete approximations to Langevin
diffusions. J. R. Stat. Soc. Ser. B Stat. Methodol., 60:255–268, 1998.
[88] G. O. Roberts and J. S. Rosenthal. Optimal scaling for various Metropolis-Hastings
algorithms. Statistical Science, 16:351–367, 2001.
[89] G .O. Roberts and J. S. Rosenthal. Coupling and ergodicity of adaptive Markov chain Monte
Carlo algorithms. Journal of Applied Probability, 44:458–475, 2007.
[90] G. O. Roberts and J. S. Rosenthal. Examples of adaptive MCMC. Journal of Computational
and Graphical Statistics, 18(2):349–367, 2009.
[91] G. O. Roberts and J. S. Rosenthal. Markov Chain Monte Carlo methods. Wiley StatsRef:
Statistics Reference Online (stat04385), pages 1–9, 2014.
[92] L. Tierney. Markov chains for exploring posterior distributions. The Annals of Statistics,
22(4):1701–1728, December 1994.
[93] L. Tierney. Markov Chain Monte Carlo algorithms. Wiley StatsRef: Statistics Reference
Online (stat00212), pages 1–8, 2006.
[94] L. Tierney and A. Mira. Some adaptive Monte Carlo methods for Bayesian inference. Statistics
in Medicine, 18:2507–2515, 1999.
23
